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The widespread use of AI tools across society has impacted many different individuals, organizations and stakeholders. The
ethical issues that arise are of great focus of academic research, but there is significantly less engagement with the different
types of organizations effected, particularly how the charity sector is effected. I conducted a pilot empirical study consisting of
semi-structured qualitative interviews with three employees that work in some capacity with data or technology at a charity,
from three different charities that operate in the United Kingdom. This work offers insight into the unique challenges and
perspectives faced by charities. I found that they view the ethical risk of AI primarily through its ability to be an exclusionary
tool, and view the positives of AI primarily through its ability to be an efficiency tool.
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1 Introduction
Artificial intelligence (AI) is increasingly deployed in areas that have significant impacts on society and individuals.
A number of ethical risks are associated with AI such as discriminatory algorithms [11, 12], risks of a decrease in
autonomy as it becomes more difficult to challenge decisions [22, 23], and decreasing trust caused by a lack of
transparency which can potentially violate individual rights [21]. This has propelled AI ethics research directives
such as explainability and interpretability [1, 18], fairness [5, 13, 17], and algorithmic auditing [4, 6, 20], among
others. Much of these proposed solutions come from academic and corporate research, where the researchers don’t
directly deal with the day-to-day effects of algorithmic-decision making. The hope is that explainability, fairness
and audit methods are practically useful to those who deal with algorithms in practice and who wish to understand,
evaluate or audit algorithms. Those who do deal with the day-to-day effects are referred to as ‘stakeholders’, which
can include companies, government, charities, individuals and others. However, whether these methods help with
the challenges faced by stakeholders is not well studied, particularly for charities.

While companies often have the means to use and assess algorithms, individuals affected by decisions or charities
most likely do not due to lack of resources. Therefore, the discussion about these stakeholders in the academic
literature is often spoken of in the abstract, with a lack of engagement with their perspectives. Browne et al. [7]
conducted a qualitative study on tech worker perspectives on ethical issues in AI development using interviews, but
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this was focused on internal company development and not on users or people effected by the algorithms. Charities
are likely to face unique challenges and opportunities when it comes to AI. Charity work does essential work across
the country, so it is necessary to understand how technological advances affect them. How charity responds will
have knock-on effects for the rest of society, making this a very important perspective to understand. Additionally,
understanding their perspectives is informative for technical work on AI ethics as well as for AI policy development.
Therefore, this research aims to answer the following question: What are the perspectives and experiences UK
charity workers have with AI and AI ethics?

2 Methodology
To understand the perspectives of charity workers in the UK, I collected data by conducting interviews with three
individuals who work for charities based in the UK. Interviews are effective at generating a broad range of topics
related to a research question [10], so they provide a better overview of the themes related to the research question.
All the interviewees work for a charity in the UK and are directly working on responses or strategies regarding
digital services, data or AI. This decision was made in order to select interviewees who would be particularly
informed on how their charity, or the charity sector in general, views AI. Two interviewees worked at charities
that offer advice to other charities on how to use data and technology to improve their services, while the third
interviewee was part of a data science team at a charity that provides free advice on a range of issues, from debt to
immigration, across the UK. The interviewees were recruited through my personal network and through a Slack
channel for charities that use data science.

I want to understand how the interviewees’ experiences and opinions on AI are informed by their work in
charities. For this reason I took a relational and semi-structured approach to the interviews, as I want "to learn
how they make sense of the world by engaging them in dialogue" [9]. Relational interviewing is effective at
understanding how people explain processes of change, which is what we’re seeing as AI is creating a process of
change in many aspects of society. Semi-structured interviews were chosen to to allow for flexibility for different
topic trajectories [16]. An interview topic guide was developed (see Appendix C) to guide the interviews.

The analysis method chosen for analyzing the interview data was thematic analysis, primarily following the
six-steps proposed by [3]. This method allows for understanding the many different ways people may understand a
topic or belief, rather than aiming to find a single answer. The research question is about understandings and so is
suited to thematic analysis. The six-step method consists of coding the material, identifying themes, constructing
thematic networks, describing and exploring thematic networks, and summarizing thematic networks. The process
is iterative, with reading repetitions to rigorously understand how the different basic themes are communicated.
This also helps to effectively draw connections between themes themselves and between themes and contextual
factors. There are eleven basic themes identified that are relevant to the question, which were then grouped into
four organizing themes which clarify the connections between the basic themes. These organizing themes were
than classified into two global themes. The codebook and thematic network produced from this analysis can be
found in Appendix B and Appendix A, respectively.
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3 Findings
Thematic analysis on the interview data revealed two global themes that address the research question, namely that
AI is understood as either an exclusionary tool or an efficiency tool. These themes both show how charity work
informs the interviewees’ opinions on the challenges and possibilities of AI. The full thematic network is available
in Appendix A, and the codebook is available in Appendix B.

3.1 AI as an Exclusionary Tool
Overall, charity workers understand the ethical issues of AI through a lens of exclusion, first due to how AI can
exclude charities from society due to AI development ties to capitalist incentives, and second due to AI excluding
individuals and charity clients through marginalization.

The former is understood to be because of AI being developed primarily in the service of business and government,
without considering knock-on effects to charity: "The thing that leaves me still unconvinced is how tied the growth
of AI is to extractive business models." (Interviewee 1). This leads to a feeling of exclusion for charities, expressed
in terms of equality across society: "I most align with ... community driven governance, where the impacts of AI are
equally shared across society rather than driven specifically by a business model" (Interviewee 1). The feeling that
technological development and government exclude people as well as exclude the specific needs of charities is
illustrated by the following quote: "A chatbot would not be suitable for 20% of our clients... The risk there is for
that like cohort of people they will become more excluded. These pressures come from government funders looking
to or making assumptions about how services can be more cost effective without thinking about how they can be
more inclusive." (Interviewee 3)

This understanding of AI’s relationship to capitalist development is shown in fears surrounding monopolization
of the charity sector which would exclude smaller charities which do essential work: "[There’s a] risk in the charity
sector, not intentional, where the very large charities take over as digital begins to accelerate. They have very large,
capable teams and they’re comfortable around tech, they’re able to invest in it. If they then become super dominant,
it will cut the throat of other charities." (Interviewee 2). This fear is also driven by lack of funding in technical
skills for the charity sector: "One of their main fears about AI is predatory competitors who make better use of
these technologies... there’s a lot of fear about other organizations having like a technical competitive advantage."
(Interviewee 3).

The understanding that AI excludes the public is made sense of through how AI is uniquely able to marginalize
individuals. The interviewee’s all work at charities that deal with vulnerable, already marginalized people, and
so this charity work experience is reflected in how they see AI further marginalizing people. I first focus on the
theme related to what one interviewee termed the ‘super-excluded’. This term refers to how those people in society
who are digitally excluded will become further excluded as AI advances, and reducing the ability of charities to
help them: “The super-excluded ... I think those people are at risk of just falling off the edge. So there’ll be a much
smaller group, but they will be much more excluded." (Interviewee 2); “I think there’s just a big risk of leaving a
lot of people behind. And also if, essentially delivering services that are worse and don’t have that kind of human
element to them." (Interviewee 3).

More familiar to the AI ethics academic field, is the theme that AI can exclude and marginalize people through
predictions. It is understood that this could come from charities themselves and therefore people won’t get the
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essential help they need: “we’re very conscious that the risk due to underlying bias ... is that people who are
already kind of disadvantaged, so minoritized clients, will be disadvantaged even more." (Interviewee 3), “It may
be our algorithms that are making the inappropriate decisions if we’re not careful" (Interviewee 2).

There is also a significant worry about not being able to respond to the decisions of external algorithms. Many
resources are already difficult enough for some clients to get access with algorithms only making it worse: “... we
need algorithmic transparency, because without it well... as I understand it, it’s already challenging enough to
navigate [the Personal Independence Payment process] and why decisions have been made" (Interviewee 3); “...
they can have about 100% turnover rate1 because they can challenge the decision by understanding how those
decisions have been made. They have very low digital maturity, they can’t understand decisions that are made
algorithmically. In that kind of predictive future, you see a 100% turnover rate get down to 0." (Interviewee 1);

“[we saw] clients of color were being charged more for their vehicle insurance as a result of algorithmic decision
making ... I think we’re going to be seeing this increasingly in the coming years." (Interviewee 3).

This connects to a very relevant theme that the AI ethics field in academia should consider; algorithmic decision
making is causing charities to have to wait for groups of people to be discriminated against before they are able to
detect the pattern of discrimination. This allows for exclusion of individuals because by the time the pattern emerges,
a negative decision has already had impact on people’s lives: “At the moment we haven’t got the mechanism to
say .. . to quickly correct.... If the person who is like delivering the decision doesn’t understand how its being
made, or because there’s so many inputs, no one really understands how it’s been made. Then the time lag from
decision through to consequence... that’s a real kind of challenging thing." (Interviewee 1). This is two-fold, in that
it excludes the clients from resources, but also excludes charities: "You’ve got charities who are trying to campaign
and try to influence change, not being able to, so investigative journalists and data scientists being able to take on
that role ... It shifts from supporting individuals who have had a negative decision, to supporting cohorts when
there’s enough data to spot patterns..." (Interviewee 1).

Opinions on AI Ethics Solutions. A topic of focus of the interviews was about finding out how appropriate some
of technical ethics AI solutions are. The interviewees expressed interest in presented AI ethics methods such as
fairness and explainability (see Appendix D for methods that were described to the interviewees), but only for
basic themes of AI bias, and mostly for internal AI bias, as it would be more difficult to apply these methods
to external algorithms. There are many other ethical issues highlighted by the global theme of exclusion that AI
ethics solutions are not yet addressing completely (and maybe are unable to), such as super-exclusion and lack of
individual support. These areas would be promising avenues for future AI ethics research.

3.2 AI as an Efficiency Tool
The second global theme that emerged was that the role of AI in charity can be understood in terms of its ability to
make charities more efficient by helping charities have more efficient finances and more efficient services, a similar
finding to [19]. There was real optimism expressed that AI could significantly reduce financial burden: “The sector
is in desperate straits. It never recovered from 2008. There’s COVID. There’s cost of living crisis ... There’s a huge
funding gap, there are increasing numbers of charities going to the wall ... AI will do two things. It will augment

1Turnover rate here refers to a charity’s ability to help a client overturn a negative decision, for example a rejection of a benefit claim.
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your capabilities, and it will reduce admin workload ... It can’t fix the funding gap, but it can depressurize it."
(Interviewee 2). This also extended to reducing financial burden on workers so that their lives could improve: “The
benefit of those efficiencies is that they have more time to spend with their friends, families and communities ... we
can benefit from all these efficiencies as a society, rather than just those who are able to create businesses and
make more efficient businesses" (Interviewee 1). There is a caveat in this quote, which was consistent among the
interviewees, that these possible positives that AI could bring, are dependent on fixing the problems of exclusion
highlighted by the previous global theme.

AI is understood to also be able to improve efficiencies in content generation which would have usually come
at a financial cost: ... the future of generating content. So we employ, you know, content designers to essentially
interpret the law. So the law is not designed to be user friendly as it were ... But one of the areas of change is the
ability for generative AI to interpret the law into accessible text"

In terms of more efficient services, it is believed that AI could make charity services faster: "There are loads
of positives around efficiencies, and enabling people to get immediate decisions." (Interviewee 1) and "From a
generative AI point of view, we’ve started work to see how we can make use of these technologies in improving the
provision of advice... we have more demand for advice than we can supply. So it’s important to us to see how we
can introduce efficiencies in that workflow."

Additionally, another way it is understood that AI can make services more efficient is by improving accessibility,
if AI is developed and deployed in a way that considers how it will effect marginalized people: “I also think
there’s an opportunity if you approach it in the right way to make services more inclusive. ... Using AI, but with an
intermediary who works with a client who would otherwise be excluded from its benefits. And I think also, there’s
the opportunity through challenging and mitigating bias to make outcomes more equitable as well." (Interviewee
3). Again, there is a caveat outlined here that this success of efficiency depends upon addressing the problems of
exclusion.

4 Conclusion
The charity sector faces unique challenges when it comes to AI and AI ethics. In this work we conducted interviews
with three individuals who work for charities in the UK, in roles that involve dealing with digital services, data or
AI. We found that data focused charity workers understand AI primarily as an exclusionary tool or an efficiency
tool. The interviewees were all fairly senior in their roles, and all worked with data. This means that while they
have a well-informed opinions that are helpful to answer this research question, they represent a small sample
compared to charity workers in general. Further interviews or focus groups that have participants with different
job roles, from varying organization sizes and domains, could improve understanding of possible heterogeneity in
views of AI ethics. For this reason, this research has not yet reached saturation. We hope this work encourages more
engagement and qualitative research to understand the specificity of AI related issues that are faced by different
people and organizations in society and how this should shape AI development and AI policy.
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Fig. 1. Full thematic network from analysis of interview transcripts, showing the two global themes, four organizing themes
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B Codebook

Table 1. Codebook from the thematic analysis, illustrated by the thematic network in Figure 1

Global Theme Organizing Theme Basic Theme Description Example

AI as an Exclusion-
ary Tool

Marginalizing
Clients

Internal AI bias There is the risk of
AI algorithms used
by charities to have
bias and discriminate
against already mi-
noritized clients, lead-
ing to worse services
and outcomes

"It may be our algorithms
that are making the inap-
propriate decisions if we’re
not careful" "we’re very con-
scious that the risk due to un-
derlying bias .. is that peo-
ple who are already kind
of disadvantaged, so minori-
tized clients, will be disad-
vantaged even more."

External AI bias AI used by other or-
ganisations have con-
sequences for char-
ity clients, and the
charities then must
deal with the reper-
cussions

"... they can have about 100%
turnover rate because they
can challenge the decision
by understanding how those
decisions have been made.
They have very low digi-
tal maturity, they can’t un-
derstand decisions that are
made algorithmically. In that
kind of predictive future, you
see a 100% turnover rate
get down to 0." " [we saw]
clients of color were being
charged more for their vehi-
cle insurance as a result of al-
gorithmic decision making ...
I think we’re going to be see-
ing this increasingly in the
coming years, and particu-
larly in that consumer space,
where people will be ex-
periencing difficult circum-
stances as a result of algorith-
mic decision making."
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Table 1. Codebook from the thematic analysis, illustrated by the thematic network in Figure 1

Global Theme Organizing Theme Basic Theme Description Example

AI as an Exclusion-
ary Tool

Marginalizing
Clients

Super-excluded Digitally excluded
people in society
could become even
more excluded

“The super-excluded ... I
think those people are at risk
of just falling off the edge.
So there’ll be a much smaller
group, but there will be much
more excluded." “A chatbot
would not be suitable for
20% of our clients... The risk
there is for that like cohort
of people they will become
more excluded."

Lack of individual
support

When there is dis-
crimination caused by
algorithms, there isn’t
a mechanism to iden-
tify and deal with
it immediately; pat-
terns only emerge af-
ter time

“You’ve got charities who
are trying to campaign and
try to influence change, not
being able to, so investiga-
tive journalists and data sci-
entists being able to take
on that role... It shifts from
supporting individuals who
have had a negative decision,
to supporting cohorts when
there’s enough data to spot
patterns... So what we’re re-
ally seeing is a movement
from individual and com-
munity to bigger cohorts."
“we haven’t got the mech-
anism to say ... to quickly
correct ... If the person who
is like delivering the deci-
sion doesn’t understand how
its being made, or because
there’s so many inputs, no
one really understands how
it’s been made. Then the time
lag from decision through to
consequence... that’s a real
kind of challenging thing."
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Table 1. Codebook from the thematic analysis, illustrated by the thematic network in Figure 1

Global Theme Organizing Theme Basic Theme Description Example

AI as an Exclusion-
ary Tool

AI Development
and Capitalism

Sector monopo-
lization

The fear that larger
charities with better
tech capabilities will
swallow up other
charities that do
essential work

"There’s a risk from the su-
per large... I can see a similar
risk in the charity sector, not
intentional, where the very
large charities take over as
digital begins to accelerate.
They have very large, capa-
ble teams and they’re com-
fortable around tech, they’re
able to invest in it. If they
then become super dominant,
it will cut the throat of other
charities." "One of their main
fears about AI is predatory
competitors who make better
use of these technologies...
there’s a lot of fear about
other organizations having
like a technical competitive
advantage."

Lack of collabora-
tion

Due to competition
for funding, charities
do not collaborate on
AI strategy

“... they’re building AI for
themselves. That’s the whole
point about the sector, it’s all
about me." “[redacted organ-
isation] has a bit of a repu-
tation for not collaborating
very much... It’s like really
odd, because it seems like re-
ally at odds with what we’re
supposed to be doing doesn’t
it? But I do think its true
and it’s about competition for
funding."
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Table 1. Codebook from the thematic analysis, illustrated by the thematic network in Figure 1

Global Theme Organizing Theme Basic Theme Description Example

AI as an Exclusion-
ary Tool

AI Development
and Capitalism

Profit driven in-
centives for AI

The development and
funding given for AI
is tied very closely
to business in such a
way that it becomes
much less applicable
to charities

“I most align with ... com-
munity driven governance,
where the impacts of AI are
equally shared across soci-
ety, rather than driven specif-
ically by a business model"
“The thing that leaves me
still unconvinced is how tied
the growth of AI is to ex-
tractive business models."
“These pressures come from
government funders looking
to or making assumptions
about how services can be
more cost effective without
thinking about how they can
be more inclusive. I think
people also have incorrect
mental models around who
is digitally excluded. I think
a lot of people will probably
come into it thinking it was
basically older generations.
But here poverty comes into
it a great deal. Data poverty
is a real thing. "
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Table 1. Codebook from the thematic analysis, illustrated by the thematic network in Figure 1

Global Theme Organizing Theme Basic Theme Description Example

AI as an Efficiency
Tool

Efficient Services Faster service AI can make services
faster

There are loads of positives
around efficiencies, and en-
abling people to get imme-
diate decisions." "From a
generative AI point of view,
we’ve started work to see
how we can make use of
these technologies in improv-
ing the provision of advice...
we have more demand for
advice than we can supply.
So it’s important to us to see
how we can introduce effi-
ciencies in that workflow."

More accessible
service

AI can make services
more accessible

“... in an AI world accessi-
bility should become much
better. But for [the digitally
excluded] I think there’s a
role for the smaller charities
... we should be recognizing
that as we begin to design
the systems, we should be
thinking about the people for
whom that will never work."
“I also think there’s an oppor-
tunity if you approach it in
the right way to make ser-
vices more inclusive... Using
AI, but with an intermediary
who works with a client who
would otherwise be excluded
from its benefits. "
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Table 1. Codebook from the thematic analysis, illustrated by the thematic network in Figure 1

Global Theme Organizing Theme Basic Theme Description Example

AI as an Efficiency
Tool

Efficient Finances Reducing Finan-
cial Burden

AI can reduce the
financial burden on
charities

“The sector is in desperate
straits. It never recovered
from 2008... There’s a huge
funding gap, there are in-
creasing numbers of charities
going to the wall ... AI will
do two things. It will aug-
ment your capabilities, and
it will reduce admin work-
load ... It can’t fix the fund-
ing gap, but it can depressur-
ize it." “The benefit of those
efficiencies is that they have
more time to spend with their
friends, families and commu-
nities ... we can benefit from
all these efficiencies as a so-
ciety, rather than just those
who are able to create busi-
nesses and make more effi-
cient businesses"

Content Genera-
tion

AI can produce con-
tent, eradicating the
need for expensive
content generators

“one of the areas of change
is the ability for generative
AI to interpret the law into
accessible text" “Portraying
vulnerable beneficiaries has
always been a real challenge
for us... we were dealing
with abused women, alcohol,
drugs and you have to be
careful about how you use
imagery, but actually with
AI, you could just create it...
But you need to be absolutely
transparent about it."
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C Topic Guide
Interviews were semi-structured using the following topic guide, with a time guide of 60 minutes. Some questions
were asked out of order and not all questions were asked to all participants, although each topic was addressed.

Opening

(1) Introductions
(2) Explain the purpose of the research
(3) Explain confidentiality of the interview
(4) Confirm consent and ask to record
(5) Opening question: Could you tell me a bit about your charity and the work you do?

Interactions with Algorithms and AI
Objective: To understand the interviewees’ practical experiences with AI

(6) Could you tell me about the type of interactions you typically have with algorithmic decision making or AI?
(7) What effect does algorithmic decisions making have on your ability for you/charities you work with to do

your work effectively?
(8) What level of access do you typically have to external algorithms?
(9) What are your current strategies to responding to decisions made by algorithms rather than people?

Opinions on Algorithms and AI
Objective: To understand the interviewees’ current opinions, positive and negative, on AI, and gauge current their
current view on AI ethics.

(9) What do you think are the pros and cons arising from algorithmic decision making?
(10) When I say, ‘ethical AI’, what comes to mind to you?
(11) Do you have any examples of an ethical issue regarding AI you would like to share from your work?

Opinions on AI Ethics Solutions
Objective: Understand the interviewees’ opinions on AI Ethics solutions. This is a user-study portion of the
interview.
Show a document (see Appendix D) containing an example with explainability and fairness methods. This will be
a simulated scenario with the aim being to show the participants that these methods for explaining algorithmic
outputs exist and how they could look in a scenario, for example a hiring algorithm that decides if someone gets
a job. If they have given an example from their work in the previous questions, tie that in. Explain the data and
graphs and ask if they have any questions before proceeding.

(12) These are some methods that researchers have worked to develop to understand the decisions made by
algorithms. Have you come across any of these before. What do you think of them?

(13) Which of these do you find most helpful and why?
(14) How could these types of methods help your ability to respond to decisions made by algorithms that you deal

with?
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Emotional Reactions and Feelings about AI
Objective: Understand what kind of emotions and feelings the interviewee has regarding the topics discussed. If
they don’t respond with feelings, re-ask the question.

(15) How do you feel about the use of algorithmic decision making and AI?
(16) How does AI ethics solutions affect how you feel about AI in charity work?

Concluding
(17) Are there other ethical issues you think academics and researchers should focus on that would help you deal

problems arising from AI?
(18) Is there anything else you would like to add?
(19) In the case of any clarification I might need for my research, is it okay to reach out to you with any follow-up

questions?
(20) Thank for time and conclude interview
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D Interview Supporting Document
The example here is entirely synthetic, with simulated data and an imagined context. However, it is based on real
life scenarios where hiring algorithms have been discriminatory. Imagine that there is a hiring algorithm being
used by a company or organisation, and you want to check if the algorithm discriminates against the gender or
age of the individual applicant. The algorithm uses the following variables, relevant experience, likelihood of
applying, age and gender to decide whether the applicant should be invited for interview. Below are some examples
of model-agnostic explanation (or XAI) methods for this scenario on different algorithms. This is not extensive –
there are several other methods, these are a sample of some of the most popular.

Speaker Note: Spend time describing the plots and underlying method at a high level (minimal technical detail).

SHAP Plot [15]
Partial Dependence Plot [8]

Total (Causal) Dependence Plot [14] Accumulated Local Effects Plot [2]

Fig. 2. Figures shown to interviewees to explain interpretability methods for predictive AI.
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Popular fairness measures include equal opportunity, demographic parity, treatment equality, among others,
which all involve various uses of the true and false positive rates. In the above example, an equal opportunity
score of 1 would indicate high unfairness towards female applicants, whereas a score of 0 would indicate fairness
between groups. Importantly, it is often the case where one measure shows unfairness, but another does not.

More resources:

• Interpretable Machine Learning Online Book by Christoph Molnar [18]
• Fair Machine Learning Online Book by Solon Barocas, Moritz Hardt, Arvind Narayanan [5]
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